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Abstract
We consider the problem of positioning text or symbol labels associated with graphical features of two dimensional maps
(geographical or technical) or drawings. In many practical applications each graphical feature may have more than one label. The
need for assigning multiple labels is necessary to display different attributes of an object. Even though many algorithms exist for the
labeling problem, very little work has been directed towards positioning multiple labels per graphical feature in a map or drawing.
We refer to this problem as the Multiple Label Placement (MLP) problem. In this paper we present a model and expand the rules
that govern a good assignment of several labels per graphical feature. In addition we introduce techniques to solve this problem.
We have applied these techniques to drawings of graphs, and we present very encouraging experimental results.
© 2006 Elsevier B.V. All rights reserved.
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1. Introduction
Traditionally, the labeling problem has been central in the framework of automated cartography. Progress has been
made towards automating the label placement process in map production [1,4,8–10,13,14,17,19,21,22,24,28,30,34].
For a comprehensive bibliography on labeling see [31]. Today, due to the significant growth in the area of information
visualization the labeling problem may be seen through a wider scope. Labels are textual descriptions, and thus another
means to convey information or clarify the meaning of complex structures. The problem of automatic label placement
is important [3], and has applications in many areas including Cartography [4], GIS [16] and Graph Drawing [5].
In map production the need for multiple labels usually arises when a graphical feature covers a large area of a map.
It is mostly related to labeling linear graphical features (e.g., streets, rivers or boundary lines of areas). For example, if
the graphical feature to be labeled is a road in a map, a text label with the name of this road must be placed in regular
intervals. This problem is referred to as the street signing problem (i.e., one street sign close to each intersection). The
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display of more than one attribute of a graphical feature is required.
Many algorithms exist for the labeling problem, however very little work has been directed towards positioning
many labels per graphical feature in a map or drawing [15,17,33]. In existing automated name placement systems for
geographic maps simple techniques have been utilized to address the multiple labels per graphical feature problem
[15,17]. Specifically, each feature to be labeled is partitioned into as many pieces as the number of labels for that
feature. Then, labeling algorithms for single label per graphical feature may be applied to the new set of partitioned
graphical features. In many applications, this straightforward approach presents some difficulties. For example, it
might be necessary or preferable to position labels that are associated with the same graphical feature next to each
other (e.g., two labels assigned to an edge must be close to the source node of the edge). This is often the case when
labels describe more than one attribute of the same feature. Furthermore, the feature to be labeled might be a point or
an area. Then, we must partition the solution space and assign one label to each of the partitions. However, efficiently
partitioning the solution space is as hard as solving the original labeling problem.
Even when we need to place more than one label associated with a linear graphical feature in regular intervals from
each other, this approach seems weak. Since, by splitting the features beforehand we eliminate solution space that
otherwise could be used to position a label.
One can avoid the situations described in the previous paragraph by allowing each of the labels to be placed in any
legible label position of the associated graphical feature. An iterative approach based on existing labeling algorithms
that assign one label per graphical feature can be used to produce a solution. This can be done by applying these
algorithms as many times as the number of labels per graphical feature. This scheme presents a new challenge: most
labeling algorithms are based on local and exhaustive search. Thus, their performance (running time and quality of
solutions) is sensitive to the size of the graphical features to be labeled and to the density of the drawing. Clearly, if
each graphical feature in a drawing is associated with i labels, then the size of the problem is i times larger. Therefore,
the above techniques might be slow even for small instances.
We will refer to the labeling problem where each graphical feature has many labels as the MLP (Multiple Label
Placement) problem. Next, we present a model and reconsider the label quality rules for the MLP problem. We present
a score of techniques for solving variations of the MLP problem. We have implemented two of these techniques and
our experimental results show that they are very successful.
We start in Section 2 by giving a characterization of the MLP problem. In Section 3 we present techniques to
solve the MLP problem. We conclude in Section 4 where we present experimental results for some of the techniques
presented here.
2. The MLP problem
MLP is the problem of assigning text or symbol labels to a set F of graphical features of a drawing, such that we
communicate the information for each graphical feature in F by positioning the labels in the most appropriate place.
Good label placement aids in conveying the information that labels represent and enhances the aesthetics of the
input map or drawing. A critical task in the labeling process is to decide the best position for a label with respect to
its corresponding graphical feature.
What constitutes a good label assignment has its roots in the art of cartography. For many centuries cartographers
have perfected the art of placing labels on maps.
2.1. Search space
It is difficult to quantify all the characteristics of a good label placement, because they reflect human visual per-
ception and intuition. It is trivial to place a label when its associated object is isolated. The real difficulty arises when
the freedom to place a label is restricted by the presence (in close proximity) of other objects of the drawing. Then,
we must consider not only the position of a label with respect to its associated object, but also how it relates to other
labels and objects in the surrounding area.
In a successful label assignment, labels must be positioned such that they are legible and follow basic aesthetic
quality criteria [20,32]: labels must not obscure other labels or graphical features. A label must be easily identified
with exactly one graphical feature. The position of each label must eliminate any ambiguity with respect to which
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all legible positions.
In the production of geographical maps, we rank label positions according to rules developed through years of
experience with manual placement. These rules typically capture the aesthetic quality of label positions. When the
graphical objects to be labeled belong to a technical map or drawing, then, usually, a different set of rules govern
the preferred label positions. These rules depend on the particular application. It is important to emphasize here that
for drawings other than geographical maps, the user must be able to customize the rules of label quality to meet
specific needs and/or expectations. Therefore, any successful labeling algorithm must have the capability of taking
into account the user’s preferences.
Some additional considerations have to be taken into account with respect to the quality of a label assignment, when
graphical features have many labels. Specifically, we must take into account how labels for the same graphical feature
influence each other. For example, many times each of the labels corresponds to some attribute of a graphical feature
and the relative position of a label with respect to other labels of the same graphical feature reveals that attribute. Next
we present some constraints that may be used to ensure that each label is unambiguous, easily read and recognized,
when more than one label is associated with a graphical feature. These constraints can be divided into three general
categories: (i) proximity, (ii) partial order, and (iii) priority. In order to illustrate the three different sets of constraints
we will use as an example the labeling of a single edge (s, t) with two labels ls and lt . Label ls is associated with the
source node and label lt is associated with the target node, as shown in Fig. 1(a).
Proximity. Label ls (resp. lt ) must be in close proximity with the source (resp. target) node to avoid ambiguity.
Therefore, it is necessary to define a maximum distance from the source (resp. target) node that label ls (resp. lt ) may
be positioned. When edge (s, t) is associated with exactly one label, then that label may be located anywhere inside
the solution space. If there are more than one label associated with (s, t), then each label must be positioned inside an
area that is a subset of the solution space.
In Fig. 1 we illustrate the importance of the proximity constraints. For example the label assignment in Fig. 1(a) is
a preferable assignment. The assignment in Fig. 1(b) does not convey clearly the meaning of the labels, because they
are very close to the target node; hence by observing the picture we cannot establish with certainty that the source
label is associated with the source node. In Fig. 1(c) the proximity constraint is that the distance between the source
(resp. target) node and its label must be at most half the length of the edge. This implies that the source (resp. target)
label must be inside the source (resp. target) region. The defined proximity constraints in Fig. 1(c) are too restrictive,
since the defined regions do not intersect. One could define more relaxed proximity constraints, as shown in Fig. 1(d),
where intersecting of different regions is allowed. In practice the latter is preferable since it increases the labeling
Fig. 1. (a) A preferable label assignment. (b) A misleading label assignment. (c) Defining strict proximity constraints. (d) Defining relaxed proximity
constraints.
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solution space and improves the possibility for finding a labeling assignment, especially in cases where the drawing
is crowded.
Partial Order. A label associated with the source (resp. target) node must be closer to the source (resp. target) node
than any other label to avoid ambiguity. Thus, in many cases, it is appropriate to define a partial order between labels
of the same graphical feature according to some invariant (e.g., x or y axis, distance from a fixed point).
In Fig. 2(c) we present an example where the absence of a partial order rule produces a misleading label assignment,
since by simply looking at the picture we associate the target (resp. source) label to the source (resp. target) node. In
Figs. 2(a) and 2(b) the additional condition that a label associated with the source node must be closer to the source
node than the label associated with the target node ensures the correct interpretation of the label assignment. If we
define restrictive proximity constraints, as shown in Fig. 1(c), then a partial order constraint is not necessary. However,
if we relax the proximity constraints, as shown in Fig. 1(d), then we need to define a partial order constraint in order
to avoid misleading labeling assignments.
Priority. In many cases, it is impossible to assign all labels associated with a graphical feature, due to the density of
the drawing. Then, the user might prefer to have the important labels assigned first, and then assign the rest of the
labels if there is available space.
These three sets of constraints present a succinct framework for a good label assignment with respect to the MLP
problem.
2.2. A formal definition
First, we introduce some terminology specific to the MLP problem. Let Γ be a drawing and F a set of graphical
features to be labeled in Γ :
• M :F →N is a function that returns the number of labels associated with the input graphical feature. M(f ) is
equal to the number of labels associated with f in F .
• Λ is the set of all label positions for all graphical features to be labeled.
• Λf is the set of all label positions for f .
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• λ :F ×K→ Λ is a function that assigns to graphical feature f in F a label position from Λ, and λ(f, i) = λif ∈
Λif , where K⊆N .
The MLP problem can be viewed as an optimization problem, since the objective is a label assignment that yields
minimum total cost. Each label position that is part of a label assignment is associated with a cost. COST :F ×K×
Λ →N is a function that gives the cost of assigning label λif to graphical feature f in the final label assignment.
The cost function evaluates the quality of a label assignment. Each assigned label has a penalty associated with
it, which is based on: (i) a set of labeling quality rules [20,32], (ii) priority, proximity and partial order criteria, (iii)
relative position of assigned labels (e.g., intersection of two assigned labels). For each label position the cost associated
with priority, proximity and labeling quality rules can be calculated independently of the final label assignment.
However, the cost associated with partial order and the relative position of assigned labels may be calculated only
after the final assignment is known.
Let b(f, i, k) be the penalty, with respect to priority, proximity and labeling quality rules, for assigning label k as
the ith label to graphical feature f . Also, let p(f1, i1, k1, f2, i2, k2) be the penalty with respect to the relative position
of labels k1 and k2. Then:







p(f, i, k, g, j, l)P (g, j, l),
where
P(g, j, l) =
{
1, if λ(g, j) = l,
0, otherwise.
The last condition guarantees that only labels assigned to a final label assignment affect the cost with respect to the
labeling quality.
The MLP Problem.
Instance: Let F be a set of graphical features of a drawing Γ .







COST(f, i, k)P (f, i, k),
where
P(f, i, k) =
{




P (f, i, k) = 1, f ∈ F and 1 i M(f ).
3. Algorithms for the MLP problem
As defined above, the MLP problem is NP-hard even if each graphical feature is associated with only one label
[14,23,25,26]. Hence, in the following sections we focus on two sets of heuristics, iterative and flow-based, to solve
the MLP problem.
3.1. Iterative techniques
First we present a simple iterative approach to solve the problem of assigning multiple labels to each graphical
feature of a drawing. For simplicity, let us assume that each graphical feature is associated with the same number of
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graphical feature. Therefore, one could solve the MLP problem by applying these algorithms as many times as the
number of labels per graphical feature. This method consists of a main loop, and we execute the loop as many times
as the number of labels per graphical feature. In particular, at the ith execution of the loop, we assign the ith label to
each graphical feature. An algorithmic scheme of this technique can be realized in the following way:
Algorithm 1.
INPUT: A drawing Γ , a set of graphical features F in Γ to be labeled, and a number N of labels for each graphical
feature f in F .
OUTPUT: A label assignment.
1. For i = 1 to N do:
1.1. Assign the ith label to each graphical feature in F , using for example one of the algorithms in
[4,7,8,10,13,14,17,19,21,22,30,34].
This technique can take into account all three sets of constraints: (a) proximity (by considering only the label
positions that respect the proximity rules), (b) partial order (by eliminating from the set of potential label positions,
after each execution of the loop, the label positions that do not respect the partial order) and (c) priority (by selecting,
if possible, the label position of highest priority among the available label positions). Thus, it leads to very practical
solutions for the MLP problem. One can refine this technique by first finding a set of label positions before entering
the loop, and then executing inside the loop only the step of positioning labels. The refinement works because the
cited labeling algorithms produce a label assignment from an initial finite set of discrete potential label positions. The
refined algorithm is as follows:
Algorithm 2.
INPUT: A drawing Γ , a set of graphical features F in Γ to be labeled, a number N of labels for each graphical feature
f in F .
OUTPUT: A label assignment.
1. Find an initial set of label positions L.
2. For i = 1 to N do:
2.1. Assign the ith label to each graphical feature in F from the set L of potential labels using for example
[4,7,8,10,13,14,17,19,21,22,30,34].
2.2. Remove potential label positions from L that overlap already assigned labels.
Even though this technique is very attractive, especially because it can be realized by using existing labeling
algorithms, it presents some challenges that have to be addressed. Labeling techniques based on local or exhaustive
search first create an initial label assignment where conflicts between labels are allowed. Then conflicts are resolved
by repositioning assigned labels until all conflicts are resolved, or no further improvement can be achieved. When
applying these techniques in the context of Algorithm 2 we can either apply repositioning only for labels assigned in
the current run of the loop or for any assigned label (even in previous runs of the loop).
If we allow repositioning of labels assigned in previous runs of the loop, then such techniques are slow. In addition,
Christensen et al. [4] have noted that simulated annealing does not produce significantly better solutions or faster
convergence, if it is applied after obtaining an initial label assignment produced by some labeling technique rather
than randomly. This leads us to believe that even for small inputs simulated annealing will be inadequate to address
the problem of assigning more than one label per graphical feature using the above iterative methods.
On the other hand, if we do not allow repositioning of labels assigned in previous runs of the main loop of Algo-
rithm 2, then the performance of algorithms based on local or exhaustive search will deteriorate, since these algorithms
converge to a solution through trial and error (conflicts are resolved by repositioning assigned labels until all conflicts
are resolved, or no further improvement can be achieved). This iterative approach is especially suited for the label-
ing algorithms presented in [21,22], because they first find a set of label positions, and then they produce a label
assignment in a single step without any repositioning of labels (see Figs. 3 and 4).
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Fig. 4. A hierarchical drawing with 2 labels per edge, positioned by Algorithm 2.
3.2. A flow-based technique
Next we consider a technique for assigning label positions in a non-iterative fashion. The technique is an extension
of the labeling algorithms presented in [21,22]. It solves the MLP problem by reducing it to an assignment problem.
First, a set of label positions for each graphical feature is constructed. Then we reduce and partition the label positions
into subsets or clusters, such that each remaining label position is a member of exactly one cluster. We construct
each cluster so that a label position of a cluster overlaps all other label positions of the same cluster. In addition, a
label position that belongs to a cluster cannot overlap label positions of another cluster. Finally, graphical features
are matched to these clusters, such that, in the final label assignment, at most one label position from each cluster is
assigned to a graphical feature. Therefore, a final label assignment will be free of overlaps.
In order to define a cluster, we introduce an equivalence relationR. We denote with xRy that x and y are members
of the same equivalence class in R. Next we give the definition of the equivalence relation R.
Definition 1. For any label positions x, y in Λ, if xRy then ∀z, where z is a label position in Λ, z overlaps x if and
only if z overlaps y as well.
Now we can define a cluster.
Definition 2. The label positions that belong to an equivalence class in R are set to form a cluster.
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The equivalence relation R restricts the number of qualified label positions that can be included in a cluster (class
of R). Please notice that by the definition of the equivalence relation, a cluster either contains one label with no
overlaps or several label positions, if and only if, all the label positions overlap each other. In addition, a label position
cannot overlap label positions that do not belong to the same cluster. Therefore, we have the following:
Fact 1. In a label assignment with no overlaps there can be at most one label position from each cluster.
In [21,22] techniques for producing these clusters are presented. In [21] the clusters of label positions are formed
by construction and each cluster has at most size two. In [22] the clusters of label positions are formed by reducing an
initial set of label positions.
After creating the clusters of overlapping label positions, the MLP problem is formulated as follows:
The reduced MLP problem. Assign to each graphical feature the maximum number of labels, such that at most one
label from each cluster is part of the solution.
We solve this problem using flow techniques: first we create a bipartite matching graph Gm(Vf ,Vc,Em) in the
following way:
• Each graphical feature to be labeled is represented by a node in Vf .
• Each group (cluster) of overlapping labels is represented by a node in Vc .
• Edges in Em connect each graphical feature to those clusters that contain label position) for that graphical feature.
Next we transform the matching graph Gm to a flow graph Gflow(s, t,Vf ,Vc,Ef ). Gm is converted to an st-graph
by introducing two nodes s and t . Node s is connected to each node in Vf , and node t is connected to each node in
Vc , as shown in Fig. 6.
Finally we assign capacities to each edge of the flow graph Gflow in the following way:
• Each edge of the original matching graph has capacity one.
• Each edge (c, t) of Gflow incident to the target node has capacity one.
• Each edge (s, v) incident to the source node has capacity equal to the number of labels associated with the
graphical feature of the input graph that is represented by node v in Gm.
Clearly a maximum flow of graph Gflow will produce a maximum cardinality label assignment with respect to
the set of labels encoded in the matching graph. Sophisticated techniques can solve the maximum flow problem in
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O(nm logn) time [2], where n is the number of vertices and m is the number of edges of the flow graph. Thus, we
have the following theorem:
Theorem 1. A maximum flow of the flow graph Gflow produces a maximum cardinality label assignment for the
reduced MLP problem, such that at most one label position from each cluster is part of the label assignment.
The key observation is that we require each label position of a cluster to overlap all other label positions of the same
cluster. We achieve that either by carefully constructing an initial set of label positions [21], or by reducing an initial
set of label positions, such that we construct a maximum number of minimum size clusters of overlapping labels [22].
We summarize this technique in the following algorithm:
Algorithm 3.
INPUT: A drawing Γ , a set of graphical features F in Γ to be labeled, a number M(f ) of labels for each graphical
feature f in F .
OUTPUT: A label assignment free of overlaps.
1. Find a set of label positions for each graphical feature in the drawing.
2. Group overlapping label positions into clusters.
3. Create matching graph Gm.
4. Augment graph Gm to a flow graph Gflow.
5. Assign capacities to each edge of Gflow.
6. Assign cost to edges of Gflow.
7. Find the maximum flow minimum cost of graph Gflow.
8. Assign labels according to the results of Step 7.
The two most time consuming steps of the above algorithm are the detection of overlaps between label positions
and the matching produced by running a maximum flow minimum cost algorithm on the flow graph (see Figs. 5 and 7).
Clearly the time required for those two steps depends highly on the size of the initial set of label positions. Therefore,
the performance of the above algorithm is closely related to the size of the initial set of label positions.
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One point that we must emphasize is that the framework we have just described can take into account the cost of
a label assignment with respect to priority, proximity and aesthetic criteria. Since the final label assignment is free of
overlaps (from each cluster at most one label position will be part of the final solution), we may assume that there
is no cost associated with the relative position of any pair of assigned labels. Each edge in the bipartite graph Gm
connects a graphical feature to a label position of that feature inside some cluster. We include the cost of label position
l of graphical feature f as the weight of edge (f, l) in the matching graph. Then, by assigning to edges incident to
source and target nodes weight equal to zero we can find a maximum cardinality minimum cost label assignment for
the reduced MLP problem by solving the maximum flow minimum cost problem for the flow graph Gflow (see [2] for
efficient techniques for solving the flow problem). Hence we have the following:
Theorem 2. The maximum flow minimum cost solution of graph Gflow produces an optimal label assignment (free of
overlaps) for the reduced MLP problem with respect to the number of label positions encoded in the matching graph.
Notice that the above theorem holds only for the reduced MLP problem. This is so because in order to form the
clusters we consider only a subset of the solution space.
4. Experimental results
We have implemented Algorithms 2 and 3 on top of the Graph Layout Toolkit [29] in C++. We ran experiments
on graphs taken from the set of graphs used in [6]. In our implementation the graphical features to be labeled are
edges and nodes of graph drawings. We ran both algorithms on the same number of graphs with circular, hierarchical,
orthogonal, and force-directed style drawings. All graphs have been drawn using the algorithms implemented in GLT.
We ran the experiments on a SPARC 5 Unix based machine.
In our implementation the construction of an initial set Λ of label positions, the grouping of the overlapping labels
in Λ, and the formation of the matching graph have been produced according to the methods described in [22]. We
use the maximum flow minimum cost algorithm from LEDA [27] to find the label assignment for both algorithms.
In the implementation of Algorithm 2 we construct a flow graph such that each edge incident to the source node
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has capacity 1. At the end of each run of the loop we remove the assigned labels along with the potential labels
that overlap, we update the clusters of overlapping labels and we reconstruct the flow graph. In addition, we do not
reposition any of the assigned labels. Algorithm 3 has been implemented exactly as described in this paper. To detect
overlaps of labels we first partition the drawing into smaller chunks using a quadtree data structure and then use a
plane sweep technique to find overlaps. In the final label assignment produced by our techniques, each assigned label
does not overlap any other label, edge, or node. For the experiments, labels are rectangles, parallel to the horizontal
axis, and each graphical feature (edge or node) is associated with the same number of equal sized labels.
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We ran two sets of experiments: (i) Labels are square, and in successive runs of the algorithms we increase the size
of the square; (ii) Labels are rectangles of fixed height, and in successive runs of the algorithms we increase only the
width of the label. Furthermore, we ran experiments and collected data for one up to five labels per graphical feature.
We were more interested on how the success rate (percentage of labels assigned to graphical features) was decreasing
as we were increasing the size and the number of the labels. All drawings are grid drawings, that is, nodes and bends
have integer coordinates. The label size is with relation to the grid-size. For example, a label with width 20 is a label
with width equal to 20 grid units (for reference, most nodes are 20 by 20 squares).
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In Figs. 8 through 17 we present the results of our experiments for circular, symmetric, and orthogonal drawings
with 30 and 60 nodes. The plain lines represent the results after running Algorithm 2. The marked lines represent the
results after running Algorithm 3. In Figs. 8 through 13 the top plots show the success rate of the algorithms (the size
of the labels is represented in the x-direction, and the percentage of assigned labels is represented in the y-direction).
The bottom plots show the running time of the same set of experiments that are represented in the corresponding top
plots. Once the size of the labels increases beyond a certain threshold, the labeling quality deteriorates gracefully. The
performance of our techniques is much better for rectangular than for square labels, as expected. The algorithms run
slower for smaller size labels because the initial set of label positions is much larger for smaller size labels.
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If each graphical feature is associated with exactly one label, then both algorithms produce the same result. This
is expected, since they run the same code. If each graphical feature is associated with more than one label, then the
results of both labeling algorithms are similar with respect to the success rate of assigning labels, even though the flow
method produces a slightly better quality of label assignments. One might have expected from Algorithm 3 to produce
better results since it solves the problem in one global step. Apparently, this is not the case, since Algorithm 2 makes
more efficient use of the initial set of label positions. Specifically, at each run through the loop the labeling algorithm
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uses the entire set of potential labels, i.e., all but those already assigned and the labels they overlap. Thus, it maximizes
the reuse of labeling space each time it runs through the loop. In Algorithm 3 though, in order to form the matching
graph we must a priori remove some of the potential labels. Finally, if labels for the same graphical feature have equal
size, then Algorithm 3 is preferable since it is faster. If labels have variable size or strict partial order constraints, then
Algorithm 2, which is more flexible, will be the appropriate choice.
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5. Conclusions
In this paper we have examined a variation of the labeling problem where graphical features of maps and draw-
ings are associated with more that one label. Existing techniques were simple and worked only in the framework of
automated cartography. We have presented a model for the MLP problem, along with rules that assure a good label as-
signment. Furthermore, we introduced two algorithms for the MLP problem. Our techniques are efficient as indicated
by our experimental results.
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Fig. 15. Experimental results for orthogonal drawings of 30 nodes and on the average 36 edges with rectangular labels.
A considerable amount of time is spent in detecting overlaps. We have implemented a simple plane sweep to detect
overlaps. It will be an interesting problem to find efficient techniques that detect overlaps of label positions similar to
the techniques in [11,12] that detect intersections of rectangles parallel to the axis or the techniques of [18] that detect
intersections between convex polygons.
160 K.G. Kakoulis, I.G. Tollis / Computational Geometry 35 (2006) 143–161Fig. 16. Experimental results for orthogonal drawings of 60 nodes and on the average 79 edges with square labels.
Fig. 17. Experimental results for orthogonal drawings of 60 nodes and on the average 79 edges with rectangular labels.
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